We introduce Julia package ospats+ for optimal sampling design in the context of farm-scale soil carbon auditing. The main difference with package ospats is that ospats+ maximises the expected profit for the farmer, rather than the statistical criterion of estimation precision. The package is written in Julia for speed of computation.
Introduction
minimises the expected sampling error of the estimated mean or total of any 23 target variable for which a grid of predictions with associated error is avail-24 able. Package ospats+ on the other hand maximises the expected profit to 25 the farmer from carbon sequestration by the VOI approach. It is therefore a 26 more specialised application, however it is also a more rationalised approach 27 in the sense that it directly optimises for the final goal of maximising profits 28 from soil carbon sequestration efforts. 
Method

30
Our method is discussed in detail by de Gruijter et al. (2016) . Here 31 we only re-iterate the essentials as far as computation is concerned. The 32 process of optimisation is summarised as step 2c and 2d in Table 1 and   33 is further detailed in Table 2 . In short, the optimal design is found by 34 subsequently optimising the stratification, total sample size and Neyman For each number of strata in the range, calculate stratification (Ospats), total sample size (Eq. 3) and sample sizes within strata (Eq. 4). 2d
35
Select the design with the largest strata number that still fulfils the condition of step 2a. 2e
Draw a stratified random sample according to the design from step 2d.
EXECUTE THE FIRST SAMPLING ROUND: 3a
Collect samples at the locations from step 2e, and take laboratory measurements to determine the carbon stock for each location. 3b
Estimate the total carbon stock and its variance.
OPTIMIZE DESIGN FOR THE SECOND SAMPLING ROUND: 4a
Update the predictions and error variances using the sample data from the first round. 4b
Repeat step 2. 5 EXECUTE THE SECOND SAMPLING ROUND: repeat step 3. 6 FINISH: calculate the confidence interval for the total amount of sequestered carbon.
allocation (explained below) for each of the number of strata (H) in a pre-
The optimal H is then the largest one, subject to 37 the condition that the sample sizes allocated across its strata are each at least 38 equal to a pre-chosen minimum nh min . The method works from an input file
39
with four values for each of N grid points: X-coordinate x, Y-coordinate y,
40
predicted SOC contentC and error-variance of the prediction s 2 .
41
The stratification for a given H, assuming Neyman allocation, is opti-42 mised by Ospats, the iterative re-allocation method described by de Gruijter 43 et al. (2015) . This method starts with a random stratification and improves
44
it by re-allocating the grid points to different strata on the basis of their pair-wise generalised distances (see below). This process is continued as long
46
as it diminishes the objective function O, defined as:
(1) with generalised distance:
where R 2 denotes the squared correlation coefficient resulting from a re-49 gression analysis underlying the SOC prediction, and the range is the param-
50
eter of an exponential co-variance function fitted to the prediction residuals.
51
To save computer time, package ospats+ calculates the N × N matrix of 52 pairwise generalised distances beforehand, prior to the iterative re-allocation.
53
In case of large grids this would be impractical, so the optimisation process is 54 then split into two phases. In the first phase, a stratification is calculated only 55 for a sample of the grid points, then the remaining grid points are allocated 56 to the sample strata whilst minimising O.
57
As shown by de Gruijter et al. (2016) , a stratification that results from 58 this process is optimal for any total sample size. Therefore the total sample 59 size which maximises the expected profit for the farmer can be derived as: would be no value in increasing the certainty of the sequestration estimate.
81
Given the stratification and the total sample size n , optimal allocation 82 of sample sizes to the strata, in the sense of minimal sampling variance of 83 the mean or total, can be realised by so-called Neyman allocation (Dalenius 84 and Hodges, 1959; Cochran, 1977) . The optimal sample size for stratum h 85 is then given by:
where 87 N h is the size (number of grid points) of stratum h,
88
S h is the standard deviation of the SOC predictions in stratum h, which is 89 predicted by
The total sample size and the sample sizes per stratum are rounded off to 91 the nearest integer. To avoid possible inconsistency between both, the total 92 sample size is adjusted to equal the sum of the sample sizes per stratum. The package consists of four script files: "main", "readdata", "ospats"
95
and "ospall". Script "main" first serves to fill in all process parameters 96 by the user (see below), it then invokes the functions of the other three 97 scripts. Script "readdata" reads the datafile mentioned in "main". Scripts
98
"ospats" and "ospall" produce both an optimal design using the datafile 99 and the process parameters. The difference is that "ospats" optimises by 100 Step Action 2c Design optimisation for maximum number of strata H max : 2c-1 Calculate the optimal stratification with H max as number of strata. 2c-2 Calculate the optimal sample size, using Eq. 3. 2c-3 Calculate the optimal (Neyman) allocation of sample sizes to the strata, using Eq. 4. 2c-4 Determine the smallest sample size within a stratum: nh l . 2c-5 If nh l < nh min , then lower H by 1. 2d
Select the optimal number of strata: 2d-1 Repeat steps 2c-1 through 2c-5 until nh l ≥ nh min . 2d-2 Keep the last design resulting from step 2d-1 as the optimal design.
iterative re-allocation of all N grid points, while "ospall" re-allocates only the remaining grid points to the sample strata, using the same optimisation 105 criterion described above.
106
The process parameters to be set by the user in "main" are:
107
H min : smallest acceptable number of strata.
108
H max : largest number of strata still assumed to be possibly optimal.
109
nh minim : smallest sample size allowed within the strata. point is included in the sample, starting with a randomly chosen first point.
131
In principle, the sample size should be taken as large as computer capacity seed : seed for the random number generator.
136
See Figure 1 for a broad overview of the optimisation process as imple-137 mented in ospats+.
139
The following general comments on alternative solutions in the algorithm are 140 to be made.
141
1) The random starting solution.
142
The process of iterative re-allocations starts from a random initial stratifi-143 cation, i.e. one where the strata consist of a random collection of grid points.
144
Initial solutions that are closer to the eventual optimum than a random draw 145 are possible, e.g. by the cum-root-f rule (Dalenius and Hodges, 1959 2) The option of skipping unchanged pairs of strata.
154
If any two strata are not changed during a cycle, then it is known be- and Julia > Pkg.add("DataFrames").
201
The use of ospats+ need not be limited to a farm as a whole. the degree in which they are correlated with SOC.
218
For instance, among the most common macro and micro nutrients, the 219 most correlated with organic carbon is organic nitrogen (see Figure 4 Hengl 220 et al. (2017)). As most nutrients are inter-correlated, more than 75% of vari-
221
ation in values can be explained by the first 5 principal components: PC1
222
(48.8%), PC2 (19.4%), PC3 (6.7%), PC4 (5.2%) and PC5 (3.8% variation)
223 (Hengl et al., 2017) . Therefore it is reasonable to assume that optimised sam-
224
pling designs for organic carbon will capture a decent portion of the spatial 225 variation of other common plant nutrients -should they also be measured.
226
Regardless of efficiency, the unbiasedness of the statistics estimated from 227 the sample data like means, totals and fractions, as well as standard errors 228 and confidence intervals, remains valid for any variables measured using these 229 designs.
230
Thirdly, but less importantly, iterative re-allocation may get trapped in 231 a local minimum. In other words it does not warrant a global optimum.
232
This is why package ospats has the option of multiple runs, retaining the 233 best result. In our experience, however, differences between the results from 234 multiple runs appeared to be practically irrelevant in all our cases, if at all 235 existent. This option was therefore not included in ospats+. As an illustration, we applied ospats+ to soil carbon data from 'Now-239 ley farm', the same farm as in the case study by de Gruijter et al. (2016) .
240
For this example we used data from previous sampling campaigns. ever, prior data collection on-site is becoming less necessary for optimising 
271
The model took the form:
Model residuals showed a week spatial autocorrelation. Fitting an expo- We ran ospats+ on the data described above, with process parameters 285 given in Table 3 .
286
It turned out that in these circumstances the optimal number of strata 287 is 5, the optimal total sample size is 58, and the optimal sample sizes within 
Discussion
291
When using ospats+ one should realise that the following assumptions 292 underly the methodology as implemented.
293
1. The second round sampling is independent from the first round.
294
Revisiting the sampling sites from the first round again in the second round
295
would usually lead to a higher precision of the estimated change. However,
296
to avoid possible fraudulent practices we adopted full independence between 297 both rounds. Additionally, differing sample points each time allows a more 298 complete picture of the spatial variation of SOC to emerge. 
